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Abstract
Recently emerging synthetic acoustically gender-ambiguous voices could contribute to
dissolving the still prevailing genderism. Yet, are we indeed perceiving these voices as
“unassignable”? Or are we trying to assimilate them into existing genders? To investigate
the perceived ambiguity, we conducted an explorative 3 (male, female, ambiguous voice)
× 3 (male, female, ambiguous topic) experiment (N = 343). We found that, although participants perceived the gender-ambiguous voice as ambiguous, they used a profoundly
wide range of the scale, indicating tendencies toward a gender. We uncovered a mild
dissolve of gender roles. Neither the listener’s gender nor the personal gender stereotypes impacted the perception. However, the perceived topic gender indicated the perceived voice gender, and younger people tended to perceive a more male-like gender.

Keywords: gender neutrality, ambiguity, voice assistants, gender perception, context
effects

Introduction
The use of voice-based assistants (VBAs) is rising and voice control is applied to an increasing number of devices (e.g., National Public Media, 2022). VBAs are dialogue systems that
can understand human speech and use a synthesized, human-like voice to interact with
users (Hoy, 2018; Knote et al., 2019) as personal smart, adaptive, and interactive artificial
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assistants (Knote et al., 2019). Alexa, Google Assistant, and Siri so far dominate the VBA
market (Deloitte, 2018). The default voice gender1 of these popular VBAs is mostly female
(Abercrombie et al., 2021) and whereas around 70% of VBAs offer only a female voice, few
offer only a male one or various gender options (Sey & Fesalbon, 2019). However, gendered
voices in technology can elicit gender effects similar to the ones in human interaction (Lee
et al., 2019; Nass et al., 1997). Thus, concerns have been raised that gender stereotypes may
be reinforced by associating female voices with an assistant role (Abercrombie et al., 2021;
West et al., 2019). However, as recent research indicates, female-voiced VBAs are not necessarily considered as female, but are also sometimes regarded as neutral or different, thus,
a unique gender ontology for VBAs may occur (Fortunati et al., 2022).
Explicitly gender-ambiguous VBA voices such as the non-commercial pilot project
Q are now being developed to address these concerns and reduce gender bias (genderlessvoice, 2022). In addition, Apple started providing an ambiguous voice option for Englishspeaking Siri, reaching for higher diversity and representation (Perez, 2022). However,
recent research raises doubt about the genderlessness of such voices by claiming that people
will assign a binary gender to them due to stereotypical design or context variables (e.g.,
Abercrombie et al., 2021; Sutton, 2020). Similar effects of stereotypical contexts have been
found for other ambiguous stimuli like mixed-ethnical faces (Freeman et al., 2013). Hence,
to investigate if and how gender-ambiguous voices alter gender biases and their effects, it
is fundamental to know if they are actually perceived as ambiguous or not and what influences this perception.
To address the above-mentioned questions, we investigated to what extent acoustically
gender-ambiguous voices are perceived as gendered or ambiguous and how this perception
is altered by individual and contextual characteristics. Specifically, the study focused on the
most critical influences on a voice’s gender perception as of thematic context, prior personal
stereotypes, and individual gender and age. To be able to meaningfully interpret the results,
we studied the perception of the gender-ambiguous artificial voice compared to a female
and a male gendered one. The following section begins with a review of human gender
roles and stereotypes, ambiguity, and influences on human gender perception, which is
then applied to the gender perception of artificial voices.

Theoretical Background
Gender Stereotypes
In a social context, the term stereotype refers to “qualities perceived to be associated with
particular groups or categories of people” (Schneider, 2004, p. 24). These qualities are “beliefs
about the characteristics, attributes, and behaviors of members of certain groups [. . .] [and]
1. We use the term gender instead of sex and differentiate between acoustic gender and perceived gen-

der to describe the VBAs’ properties in accordance with other scholars discussing ambiguous voices
(e.g., Sutton, 2020) and for several reasons. First, whereas the human voice gender is determined
by physical properties connected to biological sex, those factors induce a stereotypical assignment
of the voice to a gender. Second, diverging from humans, VBAs do not actually possess a physical,
biological sex but are only equipped with designed properties connected to socially determined genders. Third, sex would restrict our terminology to the two main biological sexes and hinder the view
on identities outside of genderism—thus, on the central aspect of our paper.
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theories about how and why certain attributes go together” (Hilton & von Hippel, 1996,
p. 240). Whereas some literature suggests that many researchers conceptualize stereotypes
to necessarily be inaccurate, rigid, negative, or that they have to be shared by many people
(Ashmore & Del Boca, 1981; Schneider, 2004, p. 17), we agree with Schneider (2004, p. 24),
who argues that these assumptions are limiting for the consideration of stereotypes as their
essence lies in different aspects. At their core, stereotypes are initially mere generalizing
assumptions about the association of attributes with certain groups. In contrast, prejudice
refers to a (usually negative) attitude toward entire groups or individual group members
based on stereotypes (Allport, 1954) which serves to create hierarchical status relationships
between groups (Dovidio et al., 2010, p. 7). Similarly, discrimination refers to suppressing
or excluding behavior based on stereotypes and prejudices (Allport, 1954). Hence, stereotypes can result in prejudice and discrimination.
Gender stereotypes result from the observation of (cisgender) men and women in society and ensuing conclusions about these groups’ characteristics (Eagly & Wood, 2012; Ellemers, 2018). Thus, Eagly (1987) argued that gender stereotypes are not directly referring
to the biological sexes but to their associated social gender roles. Gender roles are “shared
expectations (about appropriate qualities and behaviors) that apply to individuals on the
basis of their socially identified gender” (Eagly, 1987, p. 12). Thus, they are grounded in
social norms (Eagly, 1987), displaying assumptions and expectations about how a certain
gender ideally should (not) be and should (not) behave (Rudman & Glick, 2008).
Gender stereotypes can be systematized into the two dimensions, warmth and competence, depending on a group’s level of status and degree of competition in intergroup
relationships (Fiske et al., 2002; Fiske & Taylor, 2020). In this context, the male stereotype
is associated with competence but not warmth, the female stereotype with warmth but not
competence (Fiske, 2017). Competence refers to a person’s ability to successfully accomplish tasks and is attributed to groups with a higher level of status (Fiske et al., 2002; Fiske
& Taylor, 2020). It is associated with concepts of agency (Bakan, 1966; Eagly, 1987) and
instrumentality (Sieverding & Alfermann, 1992), referring to task-relatedness, individuality, and the pursuit of competence. Thus, men are believed to be dominant, willing to
take risks and performance-driven (Howansky et al., 2019; Williams & Best, 1990). Warmth
refers to a person’s intentions, and is primarily attributed to groups that are associated with
a lower level of competition (Fiske et al., 2002; Fiske & Taylor, 2020). It is associated with
concepts of communality (Bakan, 1966; Eagly, 1987) and expressivity (Sieverding & Alfermann, 1992), referring to the need for community, social-emotional support, or harmony
(Altstötter-Gleich, 2004; Sieverding & Alfermann, 1992). Thus, women are believed to be
helpful, emphatic, or friendly (Howansky et al., 2019; Williams & Best, 1990).
This stereotypization transfers to occupations and hobbies (Eagly & Wood, 2012) that are
perceived as typically male or female, as various studies concerning different backgrounds,
time periods, and samples show (Couch & Sigler, 2001; García-Mainar et al., 2018; Glick et
al., 1995; A. J. Hancock et al., 2020; Janssen & Backes-Gellner, 2016; White & White, 2006).
According to the dimension competence, these studies found that occupations associated
with technology, but also power, responsibility, and prestige, such as builders or managers,
are mostly perceived as male. In contrast, matching the dimension warmth, occupations
that involve empathy, care, or knowledge about interpersonal relationships are typically
perceived as female (e.g., marriage counselor or nurse).
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Perception of Gender
Stereotypes can shape the category-based impression formation of new persons, based on
the persons’ stereotype-related “identifying features” (Schneider, 2004, p. 90) such as physical aspects like facial features, other optical features like the hairstyle (Mason et al., 2006;
Rudman & Glick, 2008; Schneider, 2004) or behavioral aspects (Taylor, 1981). If these identifying features are ambiguous, people use other signs along available heuristics (Tversky
& Kahneman, 1974) or priming effects (Graham & Lowery, 2004) for the categorization.
However, impressions can be formed in any mode on a continuum from categorization to
conscious, individual processing of new stimuli without relying on stereotypes (Fiske &
Neuberg, 1990). Thus, the use of stereotyping is dependent on attention or personal motivation (Fiske & Neuberg, 1990) as well as emotional state (Smith & Mackie, 2010) and the
strength of pre-existing stereotypes (Allen et al., 2009; Son Hing & Zanna, 2010).

Acoustical Voice Gender
Gender perception of voices is usually restricted to hearing; thus, the identifying features
are the acoustical parameters that differ between sexes. Though features like creakiness or
breathiness (Simpson, 2009) are also discussed, scholars agree that a convincing change in
gender perception can be traced back to the combined shift of the fundamental frequency
(F0) and the formant frequencies (FF) (Gelfer & Bennett, 2013; Hillenbrand & Clark, 2009;
Skuk & Schweinberger, 2014; Whiteside, 1998).
Fundamental frequency (F0) refers to the height of the speaking voice, being on average
lower for men (100–120 Hertz) and higher for women (200–220 Hertz) (Fitch, 1990; Gelfer
& Bennett, 2013; Ma & Love, 2010; Simpson, 2009). However, there is evidence that older
women often have a lower F0 than younger ones due to hormonal changes (D’haeseleer et
al., 2011; Ma & Love, 2010), and that the German and English F0 of women has decreased
in general (Berg et al., 2017). Formants (FF) are resonances that occur in the vocal tract
when vowels are produced. As men’s vocal tracts are longer on average, formants are deeper
in male than in female voices. However, research has only identified a factor of 1.15–1.2
by which the formants for individual vowels of the sexes differ (Hillenbrand et al., 1995;
Peterson & Barney, 1952; Wu & Childers, 1991). This is further complicated by the fact that
findings for F0 and FF cannot easily be transferred into other languages (Simpson, 2009;
Strange et al., 2004).

Perception of Gender Regarding Ambiguous Human Voices
Although male and female voices have typical ranges of the continuous scale of height (F0),
there is a span of relative ambiguity in between these ranges. Here, gender ambiguity can
occur for voices because they lack a distinct assignment to one of the ranges or even more
extreme regions. This ambiguity ranges between 145–165 Hz (Gallena et al., 2018; Gelfer &
Bennett, 2013). Although research lacks a distinct ambiguous range for formant frequencies, they too overlap in their ranges and standard deviations between men and women
(Gelfer & Bennett, 2013; Pätzold & Simpson, 1997). Hence, similar to F0, it can be assumed
that ambiguity occurs if formants are in between the identified distinct gender frequencies.
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Thus, it is plausible that a voice which lies in between typical male and female ranges for
both frequencies is acoustically gender-ambiguous. However, research has ambivalent outcomes if and how gender ambiguity is ascribed to an acoustically gender-ambiguous voice.
Here, the type of measurement seems to be a major factor. Whereas the use of the categories male, female, and other resulted in the assignment of a distinct gender to acoustically
ambiguous voices (Mullennix et al., 1995), gradual measurements revealed that perceived
ambiguity exists (Bralley et al., 1978; Gallena et al., 2018; A. B. Hancock et al., 2014; Mullennix et al., 1995; van Borsel et al., 2009).

Perception of Gender Regarding Artificial Voices
Although gender perception of human voices can be applied to human-like artificial ones,
the perception of the latter has peculiarities and still often depicts contradictory findings.
For example, Q, which was designed to sound gender-ambiguous, seems to be ambiguous
overall. However, two of the producers stated that only 50% of 4,500 participants rated it as
ambiguous on a 5-point scale, whereas the other half perceived a gender, equally divided
between male and female (MacLellan, 2019).
In addition, findings on ambiguous voices of social robots are ambivalent. For example,
three out of six participants in a study by Behrens et al. (2018) rated a gendered robot voice
(male or female, but synthesized and deliberately kept mechanical) explicitly as genderambiguous. This is underlined by the perception of Amazon’s Alexa in a study by Fortunati et al. (2022), where, despite the female name, female personality narration, and female
default voice, 20% of participants explicitly labeled Alexa as neutral or different (from male,
female, or neutral). More pronounced even, half of them talked about Alexa without using
any gender-specific language, with another 15% using gender-neutral language and pronouns such as they. Vice versa, the social robot Pepper was supposed to be androgynous
in voice and appearance (SoftBank Robotics, 2022), but was more likely to be associated
with a female voice based on its appearance in an Irish study (McGinn & Torre, 2019) or to
be perceived as a boy in Japanese culture (Sugiyama, 2021). Whereas the differing associations might be due to cultural differences, both indicate that Pepper in its original state is
neither related to the typical voice of grown-up men nor is entirely gender-ambiguous. In
a further study, meanwhile, 30% of 50 participants judged Pepper, presented with a genderambiguous voice designed by the researchers, to be neither male nor female. However, the
majority (64%) perceived it as male (Bryant et al., 2020). Since the authors were able to rule
out other influencing variables such as the gender of the subjects, it is plausible that the
voice was not entirely ambiguous. The robot’s voice was synthetically generated using different F0 values (unfortunately not explicitly described) while formants and other acoustic
parameters were ignored.
Independent if artificial ambiguous voices are accompanied by visual cues, some people
actually assign ambiguity to them, whereas others still assign a distinct gender. The extent
varies greatly between the different technologies, but fundamental and formant frequencies
are seldom reported adequately. Thus, studies can barely be compared. In addition, the
finding that even gendered artificial voices may be perceived as ambiguous indicates that
the artificiality of the voice as such may cause this perception. To address this issue, the
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perception of the artificial gender-ambiguous voice needs to be compared with artificial
gendered voices. Therefore, we asked:
RQ1: How is the gender of a VBA’s ambiguous voice perceived compared to a
VBA’s distinct male or female voice?
Besides the explicit gender assignment, stereotypes associated with the voice can give
further insight into the impression that an ambiguous voice may create in the listeners.
Especially in comparison with explicitly gendered voices and gender stereotypes (warmth
for women, competence for men), investigating the (non-)ascription of gender stereotypes
to the ambiguous voice and, thus, its placement in the SCM, is helpful for understanding its
perception and the traits associated with it. This can, in turn, give insights for practitioners
on further voice design and gender use for specific tasks. However, there is a dearth of
research on the ascription of stereotypes to such voices. Thus, an open research question
will be formulated to address these aspects:
RQ2: To what extent are gender-stereotypical traits ascribed to the VBA’s
ambiguous voice?

Social and Psychological Influences on Voice Gender Perception
Gender assignment to acoustically gender-ambiguous voices can be explained by social
and psychological factors. Additional information can be considered when categorizing
ambiguous stimuli.
A voice will always be perceived as talking about something and will appear in some
form of environment. Thus, an omnipresent, potentially influential variable on gender perception is the context. Sutton (2020, p. 6) reduces this to the core points Activity or Topic in
an essay targeted directly at gender-ambiguous VBAs, stating that the topic is at the same
time the VBA’s activity. Based on social role theory, she argues that if an ambiguous voice
speaks about a gender-stereotyped topic, the voice may be assigned that respective gender. Indeed, female and male voices are further perceived as less feminine and masculine,
respectively, when talking about products stereotypically assigned to the other gender (Nass
& Brave, 2005). However, there is a dearth of research on this specific hypothesis.
Meanwhile, this focus on the topic might need to be broadened as voices also appear
in an environment, which can be stereotyped. Children used higher voices when they are
asked to speak like a beautician or nurse, and lower voices when they are asked to speak
like a builder or mechanic (Cartei et al., 2020). This voice change included changes in both
F0 and formants. The same study also showed significant differences when children should
speak according to a neutral occupation (e.g., a student), depending on the age group and
gender of the children. The frequencies used in these cases were between those used for
stereotypically male and female occupations. Notably, the children were only asked to speak
according to the specific occupational group, but were not directed to speak about a matching topic.
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Whereas research about the contextual influences on the perception and categorization of ambiguous voices is scarce, findings for visual ambiguous stimuli indicate a strong
influence of the context. Higgins et al. (1985) showed a priming effect of the mentioning
of positive or negative attributes on the perception of neutrally described stimuli (animals
and humans). Freeman et al. (2013) demonstrated that ambiguous faces (mixed Asian and
White) were more likely to be interpreted as Asian against a typical Chinese background
image, and as White against a typical American background. Moreover, the finding that
certain brain areas are more strongly activated with visual context congruence proves a
measurable effect of context effects on physical perception mechanisms (Freeman et al.,
2015). Context also has an influence on other factors to be assessed; faces in front of threatening backgrounds, for example, are rated as correspondingly less trustworthy (Brambilla
et al., 2018).
By referring to gender stereotype theory, these findings for visual stimuli can be transferred to voice gender perception: Occupations with instrumental traits are associated with
men, whereas communal occupations are associated with women. These stereotypical associations could be a sufficient cue to assign a gender to an ambiguous voice when it is talking
about a gender-stereotyped topic or appears in a gender-stereotyped environment. Thus, we
formulate the third research question:
RQ3: How does the topic affect the gender perception of the VBA’s ambiguous
voice?
In addition to the topic, a person’s attitudes, prejudices, and heuristics could partially alter the influence of contextual factors. Research on the stereotyping of faces indicates that a person’s strong implicit prejudice may impact the ascription of ethnicity to an
either happy- or angry-looking mixed-ethnical face (Hugenberg & Bodenhausen, 2004;
Hutchings & Haddock, 2008). Similarly, political and personal attitude may influence the
strength of stereotyping: Conservative U.S. Americans seem more likely to classify a mixedethnic face as Black than liberal ones, mediated by personal attitudes toward equal treatment (Krosch et al., 2013). In addition, a person’s social context and experience may affect
availability heuristics as persons living in a multicultural environment are significantly more
likely than inhabitants of a primarily White environment to judge mixed-ethnic people as
mixed-ethnic (Pauker et al., 2018). Transferred to gender perception, these results indicate
that participants’ gender stereotypes and social contexts may impact how pronounced their
stereotyping—and thus, their gender ascription to the voice—is. Furthermore, age might be
influential as gender roles are changing over time and older persons might have been socialized with different gender stereotypes than younger ones. Finally, participants’ gender itself
could be influential by the use of a similarity heuristic or the over-exclusion of ambiguous
persons from the own ingroup as Bodenhausen and Peery (2009) suggest, meaning that a
person identifying as male might lean toward perceiving an ambiguous voice as female and
vice versa. Thus, a fourth research question will be included to address possible impacts on
the individual level:
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RQ4: How do individual factors like age, gender, and personal gender stereotypes influence the gender perception of the VBA’s ambiguous voice?
Apart from contextual and individual factors, other aspects can also play a role in gender perception. These will be specified briefly as they are wide-ranging and have to be kept
as neutral as possible in the study design in order to prevent confounding effects on the
perception of the ambiguous voice. First, details of spoken language may alter gender perception. These include, for example, pronunciation of words or word endings (Hillenbrand
et al., 1995; Trudgill, 1972), phonetic patterns (A. B. Hancock et al., 2014), and also details
of word choice and sentence formation (Holtgraves & Leaper, 2014; Newman et al., 2008;
Singh, 2001). It is conceivable that such differences—although effects are mostly small and
overlap between genders (Holtgraves & Leaper, 2014)—may contribute to gender identification once the frequencies of a voice cannot be categorized: Style and content already allow
for the identification of an author’s gender via machine learning (Baker, 2014; Cheng et al.,
2011).
Second, gender perception of VBAs may be affected by design elements such as embodiment (e.g., the visuals of a smart speaker) and names—or Object and Brand, as Sutton
(2020, p. 4) called it. Visual cues can be traced back to the categorization of men and women
via optical identifying features (see above) and include hairstyles (Eyssel & Hegel, 2012)
and the ratio of hip, waist, and chest (Trovato et al., 2018) in robots, but also subtle cues like
color (Cunningham & Macrae, 2011; Hess & Melnyk, 2016), or round versus edged shapes
(Lieven et al., 2015; Tilburg et al., 2015) in objects and designs. Through such cues, gender
and stereotypical traits are assigned to an object (Hess & Melnyk, 2016), which in turn can
influence behavior toward the object itself (Cunningham & Macrae, 2011). Furthermore,
specific names (Pilcher, 2017) or a name’s sound (Guevremont & Grohmann, 2015; Slepian & Galinsky, 2016) are associated with a gender, possibly creating the expectation of a
likewise-gendered persona for an acoustically ambiguous VBA. Huart et al. (2005) found
this association for ambiguous faces.

Method
Design
An online experiment was conducted with German-speaking voices and participants. Participants were randomly assigned to the groups which differed in terms of the topic, but also
of the voice gender, which was necessary for meaningful comparisons in terms of gender
perception and stereotype assignment as argued above. Thus, although the research questions center mostly around the ambiguous voice, male and female variants were included,
resulting in a 3 (male, ambiguous, female voice) × 3 (male, ambiguous, female topic)
between-subject design and a total of nine groups.
The voices were designed by the authors using the Google WaveNet technology (Google, 2022) for text-to-speech generation of audio files from the texts and fine-tuned in F0
and FF (the central variables in voice gender perception, see section “Acoustical Voice Gender”) with the program “Praat” (Praat, 2020). Linguistic gender markers like typical speech
patterns were controlled by using one single voice as a basis for the production of a wide
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range of variants, subsequently pre-testing those variants for their perceived gender and
choosing the final variants based on these results. This ensured that even if possibly influencing gender markers occurred, their effect was already included in the voices’ final gender
perception, and avoided confounding effect of different speech patterns caused by different
speakers. The process of designing and pre-testing is described in detail by Mooshammer
and Etzrodt (2022). The final voices’ acoustic parameters are specified in A1_ Voice parameters (see our OSF: https://osf.io/39pts/).
The gendered topic was chosen in accordance to the stereotypes associating gender
with certain occupations described above. As a stereotypically male topic, airplanes were
chosen to represent instrumentality and technical work. Love was chosen as female topic in
association with communality and typical occupations like social work or marriage counselor. The neutral topic penguins was chosen according to the occupation biologist, as this,
along with jobs like accountant or journalist, seems to be perceived mostly neutral (Couch
& Sigler, 2001; Teig & Susskind, 2008; White & White, 2006). For each topic, a short text
containing an interesting fact was prepared (the texts can be accessed in the study’s OSF
repository: A2_ Stimulus texts). By choosing a neutral presentation of a fact, gender-typical
language details like discourse markers should be kept as scarce as possible.
All voices were presented as the VBA Kim. This name does not imply a definite gender
due to its use for both sexes in German. Kim was framed as an example for a new VBA system usable on the device on which the participants were currently completing the survey
and which the participants should be testing. Kim was presented as disembodied voice with
as few visual characteristics as possible to avoid optical influences on gender perception.
The setting consisted of a mocked dialog with Kim, including a greeting by Kim, a topicdependent pre-set written question (standing for the participants) and the respective audio
files with Kim’s answers consisting of the spoken text about airplanes, love, or penguins,
which could be activated by the participants. The audio files can be found in our OSF.
Subsequently, participants rated the perceived gender of voice and topic on 5-point scales
(1 = male, 5 = female, 3 = neither/I cannot judge). Perceived gender stereotypes were measured on a scale by Altstötter-Gleich (2004), consisting of 16 randomly rotated items rated
on a 5-point scale indicating the factors instrumentality and expressivity. For personal gender
stereotypes, participants rated eight tasks which might occur in heterosexual relationships
(e.g., decorating the house or proposing marriage) on a 5-point scale according to whether
male or female partners should predominantly perform that task in a relationship (Mills et
al., 2012). Since this study was part of a larger study, further questions followed before the
sociodemographics including age and gender (offering the options male, female, or diverse)
were collected, and participants were debriefed (see also A3_ Survey in the OSF).

Factor Analyses
Principal factor analyses were conducted with R to identify the dimensions of perceived and
personal gender stereotypes, using parallel analysis (indicating the intersection of simulated
with real data) as an extraction criterium. For perceived stereotypes, the factors instrumentality and expressivity could be confirmed, using promax rotation, and after excluding the
items willingness to take risks and professionality (KMO = 0.9, χ2(91) = 2753.36, p < .001)
due to insufficient communality.
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In addition, willingness to take risks caused parallel analysis to suggest three factors
instead of two. The resulting factors explained 57% of the total variance, had eigenvalues of
λInstrumentality = 3.08 and λExpressivity = 4.93 and possessed a high internal consistency (αInstrumentality
= 0.85, αExpressivity = 0.93).
For personal gender stereotypes, varimax rotation was used as theory states that having
male and female stereotypes is not necessarily interdependent. After excluding two items
(mow the lawn and shovel snow, which loaded onto a third factor), a two-factor solution of
male and female stereotypes was found (KMO = 0.71, χ2 (15) = 392.17, p < .001), explaining
61% of total variance. The resulting factors were interpretable as male (λ = 2.41, α = 0.72)
and female stereotypes (λ = 1.23, α = 0.58), with decorating the house loading inversely on
the male factor. Details regarding the factor analyses can be found in the OSF (A4_ Factor
analyses). The factor for female stereotypes was used despite the lower α value as it is theoretically grounded, necessary as a counterpart for the male stereotypes, and only consists of
three items which can affect α values (Field et al., 2012).

Sample
Participants were recruited via online survey platforms and survey exchange groups on
social media during May and June 2020. Although 380 persons completed the experiment,
37 had to be excluded due to missing answers (less than 40% of centrally relevant dependent variables), or having spent less than 20 seconds hearing the stimulus, resulting in a
final sample size of N = 343, who took an average of 10 minutes to complete the survey.
The sample consisted of 58% persons identifying as female and 42% identifying as male (the
option diverse was offered but not chosen by any of the participants who remained in the
final sample), was relatively young (M = 30.04; SD = 11.84) and had achieved a high level of
education (36% had a high school degree, 52% a university degree).

Results
Perception of Gender
The analysis of voice gender perception (RQ1) showed that although the gender-ambiguous
voice was rated as approximately ambiguous on the 5-point scale (M = 2.82, SD = 1.26),
the standard deviation indicates that the participants used the entire scale. As depicted in
Figure 1, only 20% of the participants perceived the voice as fully ambiguous (expressed
by choosing the scale midpoint 3), whereas 80% had a tendency toward a gender (male:
46%, female: 34%). However, more than 50% used the rather male/rather female categories,
whereas only one quarter used the distinct gender poles. In contrast, the gendered voices
were clearly perceived as male (M = 1.22, SD = 0.69) respectively female (M = 4.90, SD =
0.34), with the majority of about 90% using the scale’s poles.
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FIGURE 1 Gender Perception of the Three Voices

Ascription of Stereotypical Traits
In terms of ascribed stereotypes (RQ2), the acoustically ambiguous voice was associated
with an average instrumentality (M = 2.97, SD = 0.94), whereas distinctly gendered voices
were assigned with a higher instrumentality (male: M = 3.21, SD = 0.82; female: M = 3.25,
SD = 0.79). Analyses of variance (ANOVAs) confirmed that the voices differed significantly
(F(2, 340) = 3.54, η² = 0.02, p = .030), with the ambiguous voice perceived as less instrumental than the female voice (p = .040) whereas ambiguous and male (p = .120) as well as
male and female voice did not differ (p = 1.00), according to a post-hoc test with Bonferroni
correction. Due to the non-normal distribution of instrumentality, robust tests2 were used
in addition, confirming the ANOVA (Frob(2, 180.4) = 2.91, ξ = 0.02, prob = .057) as well as
the post-hoc test’s finding for the ambiguous and female voices’ difference on a 10% level

2. Robust tests (tests using trimming and estimates to control for non-normal distributions) were conducted
using the WRS2-package in R, with t1way for robust ANOVA and lincon for post hoc analysis (Mair & Wilcox,
2020). They were conducted in addition to each standard analysis to validate the results because normal distribution (a requirement of many standard analyses) was not given for many dependent variables.
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(prob = .078). In addition, the difference between ambiguous and male voice was significant
on a 10% level (prob = .078).
Expressivity was also averagely pronounced for the ambiguous voice (M = 2.28, SD =
0.98); however, slightly less strong than instrumentality. This time male voices were perceived as less expressive (M = 2.05, SD = 0.86), female voices as more expressive (M =
2.47, SD = 0.97) than the ambiguous one. These differences were partially confirmed by the
ANOVA (F(2, 338) = 6.01, η² = 0.03, p = .003) and post-hoc analyses, with male and female
voices differing significantly (p = .002). However, the ambiguous voice did neither differ
significantly from male (p = .175) nor female voices (p = .372). The robust ANOVA validated the results (Frob(2, 180.98) = 6.55, ξ = 0.23, prob = .002). Robust post-hocs confirmed
differences for male and female (prob = .001) and indicated a relevant difference between
ambiguous and male (prob = .081) as well as between ambiguous and female voices (prob =
.081) on the 10% level. A closer look on the results for the single stereotypical attributes in
the scale revealed that for expressivity, the male voice scored lowest and the female voice
highest for every single item, which further strengthens this impression of gender stereotyping for typically female characteristics. In contrast, the scale items for instrumentality
are distributed less clear for the three voices.
Regarding the question what gender-stereotypical traits are ascribed to the ambiguous
voice (RQ2), we thus conclude that it was perceived as more instrumental than expressive.
A comparison with the gendered voices showed that in terms of female stereotypes, the
ambiguous voice was situated between male and female voices; thus, in fact, representing
gender ambiguity. Male stereotypes, however, were rated lowest compared to the gendered
voices. An overview of the ascription of instrumentality and expressivity as well as the single stereotypical traits can be found in Figure 2.

Influences on Gender Perception
To evaluate the possible factors affecting gender perception for acoustically ambiguous
voices (RQ3 & RQ4), an ANCOVA3 was conducted on those participants who had assessed
the ambiguous voice stimulus (n = 113). Included predictors were topic, personal gender
stereotypes, age, and gender.
The analysis showed no significance for the influence of the topic (F(2, 106) = 1.03, p =
.361, η² = 0.02), but revealed a small and significant influence of participants’ age (F(1, 106)
= 3.99, p = .048, η² = 0.04, see Table 1): Older participants perceived the voice to be more
female.

3. There was a non-normal distribution in the groups for both predictors, topic and perceived topic gender. In
addition, group sizes were uneven for perceived topic gender. This would require robust or nonparametric methods. Currently available methods for robust ANCOVA in R allow only one covariate and a predictor with two
groups (Mair & Wilcox, 2020). For this reason, robust regression with dummy variables and the neutral topic as
baseline comparison was conducted. However, as the included interaction effects are barely interpretable when
applied to every dummy variable separately and the results of dummy variables are not fully comparable to the
results of one factorial predictor in an ANCOVA, these were only used for background validation and will not
be reported here in detail.
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FIGURE 2 Stereotype Ascription to the Voices

Notes: The left figure shows the ascription of single stereotypical items to the voices, the right
figure shows the ascription of the male respectively female stereotype dimensions instrumentality and expressivity, which were calculated from the items contained in the scale depicted on
the left as described in the article. As mentioned, instrumentality does not contain the variables
willing to take risks and professional due to the results of the factor analysis.

TABLE 1 ANCOVA Model 1 With Predictor “Topic”
Predictor and Covariates

η²

F(df)

p

Intercept

F(1, 106) = 3.80

Topic

F(2, 106) = 1.03

.019

.361

Gender

F(1, 106) = 0.02

.000

.898

Age

F(1, 106) = 3.99

.036

.048*

Male stereotypes

F(1, 106) = 0.45

.004

.505

Female stereotypes

F(1, 106) = 0.00

.000

.999

.054+
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It is possible that context effects are induced not by the topic itself, but the subjectively
perceived stereotypicality of the topic. Thus, the analyses were repeated, including perceived
topic gender as a predictor instead of the actual topic. The ANCOVA uncovered an effect
of perceived topic gender on the perceived voice gender, F(4, 104) = 3.69, p = .008, with an
effect size of η² = 0.12. The high significance was confirmed by the robust regression. Age
remained influential, F(1, 104) = 4.15, p = .044, η² = 0.04. The other covariates did not affect
the perceived gender (see Table 2). A post-hoc Tukey analysis of the model (predictor perceived topic gender, without interactions) uncovered differences in gender perception if the
topic was perceived as female, compared to a perception as male (difference = 2.06, t = 3.51,
p = .006) or rather male (difference = 1.41, t = 2.92, p = .033) (Figure 3).

TABLE 2 ANCOVA Model 2 With Predictor “Perceived Topic Gender”
Predictor and Covariates

η²

F(df)

p

Intercept

F(1, 104) = 2.82

Perceived topic gender

F(4, 104) = 3.69

.124

.008**

Gender

F(1, 104) = 0.01

.000

.914

Age

F(1, 104) = 4.15

.038

.044*

Male stereotypes

F(1, 104) = 1.26

.012

.264

Female stereotypes

F(1, 104) = 0.00

.000

.956

.096+

As the topics were indeed perceived as gendered (airplanes: M = 2.38, SD = 1.04; penguins: M = 3.05, SD = 0.76; love: M = 3.58, SD = 1.06), we conducted another ANCOVA
including topic, age, gender, and stereotypes to investigate the effect of topic and control
variables on the topic gender perception. It could be demonstrated that topic gender was
highly significant (F(2, 106) = 17.62, p < .001), whereas the covariates showed no effect.
Again, these results were controlled by a robust regression due to missing normal distribution of the dependent variable. The robust regression confirmed the influence of topic
gender, but additionally showed a significant effect of female stereotypes (p = .041, estimate
= 0.46).
Post-hoc tests of the standard ANCOVA model revealed significant differences between
all three groups: The corrected means of the male and ambiguous topic differed by 0.68
(t = 3.36, p = .003), male and female by 1.21 (t = 5.92, p < .001), and ambiguous and female
topic by 0.53 (t = 2.61, p = .028).
For the possible influences on gender perception, we found that gendered topics (RQ3)
were not significant, but showed an indirect effect on voice gender perception via the perceived topic gender. Individual characteristics of the participants (RQ4) were also not significant with the exception of age.
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Effects of Perceived Topic Gender on Perceived Voice Gender
of the Ambiguous Voice

Discussion
We explicated that acoustic gender ambiguity is not simply perceived as gender ambiguity.
In contrast, in accordance with research on other ambiguous stimuli, the results uncovered
that acoustically gender-ambiguous voices are perceived very differently, depending on people’s age and the perceived topic gender. Whereas less than a quarter used the scale’s center
to represent their ambiguous perception, most used the full range of the scale, hesitating to
ascribe explicit ambiguity and primarily tending toward a slight gender assignment by preferring the rather male/rather female options. Although this can be partially explained by
the impact of the perceived gender of the topics, even the people who perceived the topic as
neutral used the full scale to categorize the ambiguous voice. In contrast, they were clearly
more confident in assessing the gender-distinct voices, using the poles to a greater extent.
This indicates that some kind of ambiguity was perceived nonetheless—especially compared to the gender perception for the distinctly gendered voices. In accordance to Piaget
(1997), it could be interpreted as an evoked equilibration process due to the uncertainty
in gender ascription: Therefore—similar to other ambiguous objects (Etzrodt & Engesser,
2021)—when confronted with ambiguity, people most of the time use the less exhausting
strategy of accommodating the voice by modifying an existing category stemming from
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genderism, instead of building a hybrid or entirely new classification. This finding also has
implications for further research as it demonstrates the necessity of using gradual scales for
measuring gender perception of ambiguous stimuli. Categories (male, female, ambiguous)
could not have captured the slight tendencies that most people displayed.
If a topic was perceived as gendered or gender-neutral, the voice’s gender perception was
altered, which aligns with prior research. Hence, in accordance with Sutton’s (2020) hypothesis based on stereotype theory, it can be assumed that stereotypical context information
is used for the categorization of ambiguous stimuli. The impact of the perceived stereotypicality of the topics emphasizes the importance of user’s perception on context’s effects in
future research on voice effects, since it is not sufficient to rely on theoretically predicted
acoustical ambiguity. It is plausible that this finding applies to further contexts which arise
from the embedment of VBAs in real-life situations: Beyond talking about certain topics,
VBAs also appear in certain environments. For example, male VBAs are trusted more in
work settings, and females more in a home environment (Damen & Toh, 2019). Regarding
the important role of contexts, HMC research can build on these findings, exploring further
context effects on the perception of ambiguous VBAs. Taking gender ambiguity as an example, other ambiguity categorizations of voices (e.g., ethnical ambiguity) may be affected as
well, according to prior research on other stimuli. Siri, for example, included a genderambiguous voice and two ethnically diverse options in its voice spectrum. These are perceived as Black or White by almost equal parts of the listeners, in contrast to the “old” voices
which are mostly perceived as White, and already evoke racial stereotyping (Holliday, 2022).
Categorization could thus also apply to these ethnically ambiguous voices.
Besides the perceived topic gender, age appeared to be the only influential factor, indicating that older people perceived the voice as more ambiguous, whereas younger people
tended toward a more male assessment on average. A reason for this might be availability heuristics as described in the theory section: At increasing age, people have had more
chances to encounter voices with acoustic parameters that do not fit into the prevailing
genderism which might have led to the accommodation (Etzrodt & Engesser, 2021) of their
gender scheme, enabling them to classify ambiguity.
Besides the significant effects, the non-effects also have implications as they contradict
existing theory. People’s personal stereotypes about men and women, for example, did not
influence their gender perception of the ambiguous VBA. This may be caused by peculiarities concerning VBAs’ gender stereotyping in general: In contrast to stereotype theory,
the female stereotype of expressivity was constantly perceived lower than the theoretically
male instrumentality for all voices, indicating that stereotypes for VBAs may not entirely
resemble human gender stereotypes. Hence, it is plausible that VBAs’ application as taskfulfilling assistants in everyday life and their artificiality cause this more instrumental bias.
This strengthens previous reflections on the emergence of novel heuristics regarding artificial agents (e.g., Etzrodt & Engesser, 2021; Gambino et al., 2020; Guzman, 2020). If VBAs
now have their own heuristics as this indicates, traditional gender stereotypes might not
be as relevant for their classification anymore, causing the lack of stereotype effects. In the
context of gender, our results point toward a VBA-specific stereotyping that lacks the traditional gender distinction regarding expressivity and instrumentality. However, it remains
unclear for now if emerging human gender stereotypes or VBA-specific gender images are
not applied as well.
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A second indication for a specific VBA gender heuristic is the lack of impact of the
theoretically indicated over-exclusion of the ambiguous voice from the participants’ own
gender. If the VBA was not perceived as a gendered person, but as a gendered personified
thing (Etzrodt & Engesser, 2021) or social thing (Guzman, 2015), the VBA is already part of
an outgroup, independent of its gender. A second possibility is the salience of the gender
ascription cues serving as identifying features. As spoken information is so closely associated with VBAs and it was presented for around 30 seconds, its perceived stereotypicality
might simply have been the more central gender cue in this experimental setting than the
participants’ own gender. However, this effect might be different in other experimental settings that concern the participants more personally and thus make their own characteristics
more relevant for the situation, such as self-disclosure to a VBA in health care.

Limitations and Further Research
Due to the study’s explorative character, we only investigated the direct effects of the topic
and various covariates. However, literature suggests that moderating variables might also be
significant (e.g., the interaction effect between topic and strength of their own stereotypes
could possibly influence gender perception when persons with strong stereotypes about
women hear the ambiguous voice speaking about a topic they consider as female). Future
research could include this and other interactions to further differentiate existing effects.
The topic stimuli and the measurement of personal gender stereotypes were conceptualized in accordance with traditional stereotypes. However, in the past years, there were
increasing discussions about sexism (especially against women), the visibility of women
in language, public debates, prestigious jobs, and similar topics. For example, the #metoo
movement has raised awareness toward gender stereotypes worldwide. Also, in Germany,
leading media such as Süddeutsche Zeitung or Spiegel took over the debate with their own
theme sites entitled “Sexismus-Debatte” (sexism debate), containing hundreds of articles.
Thus, new sensitivity toward gender stereotypes might have caused the dissolution of traditional stereotypes. As a result, the traditionally stereotyped topic gender as well as the
measured personal gender stereotypes did not have an effect on voice gender perception.
However, the uncovered effect of perceived topic gender on voice gender perception implies
that stereotypes are still a salient cue for the meaning-making of the voice’s gender—but not
in the traditional sense. Therefore, further research on gender stereotypes in general and in
HMC needs to consider these new developments when measuring and investigating gender
stereotype effects.
Whereas the acoustic voice genders for the male, female, and ambiguous voice were
analyzed for all 343 participants, the analysis of the perceived gender of the ambiguous voice
was reduced to 113 participants. Especially when investigating the perceived topic gender’s
impact, this resulted in relatively small group sizes—even more so when taking into account
that participants were not evenly distributed across these groups. Although robust methods
supplemented the analysis, the detection of smaller effects might have been prevented, even
when these could actually be valid. Differences in the effect of perceived topic gender on perceived voice gender could only be detected in the pairwise comparisons of the scale’s poles,
even though mean values and an accompanying regression analysis suggested a significant
linear effect. Thus, we suggest to validate the results with a bigger sample.
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Last, a lack of robust testing methods limited our data analysis as a result of the lack
of normal distribution in the testing groups. As ANCOVAs with more covariates cannot
be conducted robustly and robust regressions do not yield results which are interpretable in the exact same way, we could not validate our results completely. However, as nonnormal distributions are neither uncommon in social science research (Wilcox, 2017) nor
in human-machine communication (Author), we are looking forward to further developments of robust methods.

Conclusion
In contrast to previous research—primarily located in linguistics and phonetics and, thus,
focused on acoustical factors—we adopted a social scientific perspective by investigating
the perception of a VBA’s acoustically gender-ambiguous voice in contrast to its male and
female voices and the contextual influences on this perception. We found that, although
people were more unsure about the acoustically ambiguous voice of the VBA than its
gendered voices, most tried to accommodate their existing gender categories. Only some
expressed genuine gender ambiguity. We uncovered that neither the listeners’ gender nor
their personal gender stereotypes, but rather their age and the topic’s perceived gender
were influential on the VBA’s gender stereotypization. Whereas increasing age supported a
more ambiguous assessment, the embedment of the ambiguous VBA voice into a perceived
topic gender led more often to the ascription of this respective gender. This indicates that,
although there is evidence of gender stereotyping of VBAs, traditional human gender stereotypes and role images cannot be entirely applied to them. In contrast, research on gender
stereotypes in HMC needs to consider possible ontological differences between different
communicators and resulting new heuristics when investigating the communication with
and ascription of (stereotypical) traits to VBAs.
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